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A B S T R A C T   

Photosynthesis is a direct expression of the crop growth status and an important indicator predicting yield and 
quality. Rapid and accurate monitoring of the dynamics of photosynthetic is key to field management. In this 
study, we obtained photosynthetic pigments and water status parameters at the leaf scale during different growth 
periods of grape. The potential maximum quantum yield (Fv/Fm) of photosystem II (PSII) under dark adaptation 
and the light response curve (LRC) of the PSII electron transfer rate (ETR) under light adaptation were measured 
using a pulse amplitude modulated (PAM) chlorophyll fluorometer, while leaf spectral information was recorded 
using a hyperspectral imager. The maximum ETR (ETRmax) and initial quantum efficiency (kα) were calculated 
using the LRC model. A Bayesian neural network (BNN) model (implemented in Tensorfolw2.8) was developed to 
predict Fv/Fm, ETRmax and kα by quantifying the spectral response indices of photosynthetic pigments and water 
status parameters. A comparison was made with the partial least squares (PLS) and photochemical reflectance 
index (PRI). The results show that BNN, PLS model and PRI have better predictive performance for Fv/Fm than 
ETRmax and kα. Compared with the PLS and PRI, the BNN model was able to significantly improve the prediction 
accuracy, where the validation results for Fv/Fm were R2 of 0.78, ETRmax of 0.57 and kα of 0.53. In addition, the 
importance of the BNN model input features varied with Fv/Fm, ETRmax and kα, with the vegetation index 
describing the photosynthetic pigments having the highest importance. The PRI had the worst predictive per
formance probably because the de-epoxidation state of the xanthophyll cycle pigments is strongly influenced by 
temporal changes. The model developed in this paper for monitoring photosynthetic performance parameters in 
grape leaves can simplify the complex photosynthetic reaction process, expand the application of PAM tech
nology and provide a method for rapid and accurate monitoring of photosynthetic performance.   

1. Introduction 

Crops exchange energy through the process of photosynthesis to 
produce yield. Photosynthetic parameters can be used to assess crop 
growth and atmospheric carbon exchange (Inoue et al., 2008). Water 
status and photosynthetic pigments are intrinsic to photosynthetic per
formance; they are involved in complex chemical reactions in the 
chloroplast and the stroma, which together determine photosynthetic 
performance under the action of external environmental factors (tem
perature, rainfall, radiation), and this relationship is regulated through 
field management. Keeping track of the photosynthetic performance of 
crops through remote sensing is essential for field management, 

especially in the context of global warming and frequent climate ex
tremes, and monitoring crop growth is key to agricultural production 
(Hong and Abd El-Hamid, 2020; Lu et al., 2020; Ma et al., 2021). 

Photosynthetic pigment molecules absorb energy from solar radia
tion, most of which is converted into photosynthetic products to main
tain normal physiological activity, while the rest is dissipated as heat 
and chlorophyll fluorescence (ChlF) (Kalaji et al., 2017a). Therefore, 
there is a competitive relationship among photosynthesis, heat dissipa
tion and ChlF at any moment of energy exchange (Baker, 2008). 
Consequently, ChlF can be used as an indicator of photosynthesis (Baker, 
2008; Yang et al., 2021). ChlF shows a high sensitivity to growth status 
under mild drought stress (Daumard et al., 2010), which facilitates 
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drought monitoring. 
The electron transport rate (ETR) was shown to have close re

lationships with stomatal conductance (gs) and can be used as indicators 
of stomatal opening and closure (Kalaji et al., 2017b). Within a certain 
range of photosynthetic active radiation (PAR), the ETR increases with 
increasing PAR. This process can be modelled using the light response 
curve (LRC)(Dong et al., 2016), which was well modelled in previous 
studies using an exponential model (Mariann, Proctor, 2004; Proctor, 
Bates, 2018). In general, at low levels of PAR (<200 µmol m− 2 s− 1), ETR 
increases at a relatively stable rate (initial quantum efficiency kα). PAR 
causes photoinhibition when it exceeds the absorption capacity of the 
leaves. Therefore, ETR increases with PAR to reach a maximum value, 
ETRmax. The LRC process, which provides useful information, is a 
photosynthetic response function of the physiological status and con
tributes to detailed ecophysiological evaluation (Huang et al., 2012; 
Zhang et al., 2011). The detailed process of obtaining the LRC of ETR 
depends on the core parameters ETRmax and kα. In the past studies, 
ETRmax and kα were used to evaluate the photosynthetic capacity of 
leaves. 

Pulse amplitude-modulated (PAM) technology offers opportunities 
for ETR light-response measurements. At the leaf scale, PAM fluorom
eters can accurately measure the photosynthetic physiological status of 
plants (Yang et al., 2017). Not only can the LRC process of ETR in the 
light-adapted state be obtained, but also the Fv/Fm (the ratio of variable 
fluorescence Fv to maximum fluorescence Fm, indicating the potential 
maximum quantum yield of PSII) of PSII under dark adaptation can be 
measured by stimulating saturated pulsed light, which can be used to 
assess the potential maximum photosynthetic capacity of leaves. Fv/Fm 
varies regularly with external stresses, such as temperature and drought 
(Bellot et al., 2004; Ogaya et al., 2011; Prieto et al., 2009), which can 
provide a reference for monitoring crop stress. 

Although PAM technology can accurately monitor crop photosyn
thetic performance, it is difficult to achieve continuous spatial moni
toring at the field scale due to its concentration at the leaf scale. A small 
airborne platform equipped with spectral equipment can flexibly obtain 
spatially continuous field spectral information (Haghighattalab et al., 
2016; Romero et al., 2018; Sankaran et al., 2015; Zhang et al., 2019), 
which makes it possible to establish a direct connection with crop 
photosynthetic performance parameters by using spectral information, 
thus greatly expanding the application prospect of PAM technology. In 
previous studies, great progress was made in monitoring plant physio
logical and biochemical parameters using spectral information, and the 

monitoring range included leaf area (Chen et al., 2003; Gitelson et al., 
2003; Liu et al., 2021), plant height (Jurjević et al., 2020; Watanabe 
et al., 2017), biomass (Ali et al., 2015; Jin et al., 2014) and biochemical 
parameters, such as chlorophyll (Peng and Gitelson, 2011; Schlemmer 
et al., 2013), nitrogen (Camino et al., 2018; Chen et al., 2010), carot
enoids (Zarco-Tejada et al., 2013b), leaf water potential (Pôças et al., 
2020), water status parameters (Penuelas et al., 1997; Yi et al., 2014), 
quality (Suarez et al., 2021) and other parameters. The noncontact 
spectral detection of these photosynthetic pigments and water status 
parameters provides more possibilities for monitoring crop photosyn
thetic performance. The photochemical reflectance index (PRI) is sen
sitive to the de-epoxidation state of xanthophyll cycle pigments and the 
efficiency of photosynthesis (Suárez et al., 2008), which are involved in 
photosynthetic system reactions and thus allow monitoring of photo
synthetic performance. Zarco-Tejada et al. (2013a) calculated the new 
index, PRInorm, which improves the sensitivity of the PRI to the physi
ological and structural status by adding the index renormalised differ
ence vegetation index (RDVI), which reflects the structural status of the 
canopy. However, photosynthetic responses involve the interaction of 
factors, which is the main reason for the limited accuracy when pre
dicting photosynthetic performance directly using a single vegetation 
index. 

Machine learning (ML) provides a new idea for simplifying the 
complex photosynthetic reactions in leaves. The nonlinear relationship 
between independent variables and dependent variables in ML can 
provide the basis for the interaction between internal factors of photo
synthetic reactions and can be adjusted according to the dynamic 
changes of factors; thus, it is more flexible than mechanical and semi
empirical models (Reichstein et al., 2019). Wolanin et al. (2019) used a 
neural network (NN) model to accurately estimate C3 crops gross pri
mary productivity (GPP), with an R2 value of 0.82. Shah et al. (2019) 
estimated the chlorophyll content of wheat leaves by random forest 
methods and showed a significantly lower RMSE when using machine 
learning methods compared to standard linear regression. In recent 
years, deep learning (DL) methods have attracted more attention. The 
existence of multiple hidden layers enables the DL method to approxi
mate a highly complex nonlinear relationship (Kamilaris and Pre
nafeta-Boldú, 2018) and to better explain abstract target parameters 
(Lobell, 2013; Ma et al., 2021). In addition, the nonlinear transmission 
between multiple hidden layers can filter out noise (Shah et al., 2019) 
and greatly improve the adaptability in various application scenarios. 
Abdalla et al. (2020) established a convolutional neural network 

Fig. 1. Temporal distribution of diurnal temperature and rainfall in Yinchuan agricultural meteorological station. (a) 2020; (b) 2021.  
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(CNN-LSTM) model with long short-term memory (LSTM) to monitor 
the nutritional status of rapeseed and achieved good application results. 
Barbosa et al. (2020) used convolutional neural network (CNN) to build 
corn yield prediction models with a 29% reduction in RMSE compared 
to random forest (RF) models. 

In this study, we used a Bayesian neural network (BNN) model to 
predict the photosynthetic performance parameters Fv/Fm, ETRmax and 
kα. BNN can avoid overfitting of traditional neural networks by intro
ducing probability distributions into the weights of neurons (Ma et al., 
2021). During two years of field observations (2020–2021), we recorded 
data on grape growth conditions, including leaf photosynthetic pigment 
content, water status parameters, chlorophyll fluorescence parameters, 
hyperspectral information, yield, quality and field management. The 
vegetation indices representing photosynthetic pigments and water 
status parameters were selected to predict the photosynthetic perfor
mance parameters through the BNN model. The results of this study can 
provide technical support for the accurate prediction of crop photo
synthetic performance. 

2. Materials and methods 

2.1. Study area 

The study area is located in the grape-planting area at the eastern 
foot of Helan Mountain in Yinchuan city, Ningxia Province, China, and is 
located in the “golden zone” (105◦45′39′′− 106◦27′35′′ E, 
37◦43′00′′− 39◦05′03′′ N) of grape planting. The region has a dry 
climate, typical of a continental climate, is rich in light energy resources, 
has a long sunshine duration (2851–3106 h annually), a large temper
ature difference between day and night, an effective cumulative tem
perature from July to September that can reach 961.6 ℃, and an annual 
average precipitation of 193.4 mm. The terrain is flat and undulating, 
with small, shallow gullies and lightly eroded soils. The soils are light 
grey calcareous, mostly sandy loam, with some containing gravel, and 
reaching a depth of 40–100 cm. The grapes in this region turn colour in 
August, when the temperature difference between day and night is large 
(10–15 ◦C) and the grapes can accumulate sugar. Fig. 1 shows the 
recorded agrometeorological data. 

2.2. Field observations 

To evaluate the growth of grapes under farmer management, field 
observations were carried out for two years without experimental 
treatments. The same plants were chosen for field observations each 
year, with the aim of accurately monitoring grape growth characteris
tics. Such observations were based on the assumption that all vineyard 
plantings were homogeneous and that there was consistency in field 
management and soil conditions. 

The grape variety was 7-year-old Cabernet Sauvignon. Before 
planting, the soil was tested for nutrients at a depth of 0–40 cm. The pH 
was 8.94, the total salt content was 0.33 g/kg, the organic matter con
tent was 18.31 g/kg, the alkaline digested nitrogen content was 
80.79 mg/kg, the available phosphorus content was 34.97 mg/kg, and 
the available potassium content was 71.86 mg/kg. The irrigation 
method was drip irrigation with a drip head spacing of 30 cm and a drip 
head flow rate of 2.3 L/h. The drip irrigation pipes were 40 cm above 
the ground, and all irrigation water was sourced from the Yellow River. 

Field management, such as pruning, weeding and application of pesti
cides, was carried out during the trial to ensure proper growth of the 
grapes. Fertilisation treatments were compared between years, specif
ically with fertiliser application (2020) and no fertiliser (2021). Before 
the beginning of the field observations (2019), we conducted field ex
periments with different irrigation and fertilisation treatments (experi
mental treatments are shown in Table 1) to obtain water and fertiliser 
management thresholds under optimal quality and yield and to provide 
a management basis for field observation without treatment. We 
determined the quality indicators of grapes, including soluble solids, 
reducing sugars and total acids. 

2.3. Collection of sample parameters 

2.3.1. Chlorophyll fluorescence parameters 
In this study, we measured leaf ChlF parameters using a MINI-PAM-II 

chlorophyll fluorometer (WALZ, Germany). To avoid midday sunlight, 
measurements were taken between 8 am and 12 pm. All samples were 
collected between June and October, the period between late flowering 
and ripening of wine grapes, when monitoring the photosynthetic ca
pacity is at the heart of field management and is essential for improving 
grape yield and quality. We measured the photosynthetic capacity of 
leaves under dark and light adaptation using different photochemical 
light intensities. When the leaves were placed in the dark for more than 
30 min, the PSII reaction centres were completely opened (Yang et al., 
2017). After dark adaptation, the leaves were irradiated with weak light 
to obtain the minimum fluorescence Fo and were then irradiated with 
higher intensity saturating light, a process that causes the electrons to 
leap from the ground state to obtain a maximum fluorescence 
Fm. Fv/Fm((Fm-Fo)/Fm) reflects the potential photosynthetic capacity, 
which is sensitive to stressful conditions (e.g., water deficit). After dark 
adaptation, we measured rapid LRC using different actinic light in
tensities (116, 175, 262, 385, 574, 750, 1048, 1370 µmol m− 2 s− 1). LRC 
is a function of the ETR in response to PAR, as shown in the following 
equation. 

ETR = ΦPSII • PPFD • Aleaf • fractionPSII  

where ETR is the electron transfer rate in PSII, ΦPSIIrepresents the 
actual quantum yield, and PPFD is the photosynthetically active photon 
flux density. Aleaf is the proportion of incident PPFD on the leaf that is 
absorbed by the leaf, and the value for higher plants is usually assumed 
to be 0.84, and fractionPSII is the fraction of absorbed PPFD that is 
received by PSII, usually assumed to be a constant of 0.5. 

2.3.2. Water status parameters 
We measured the leaf water potential (WP), relative water content 

(RWC), and equivalent water thickness (EWT) to evaluate the leaf water 
status. The predawn leaf water potential Ψpd is considered to be a good 
indicator of the plant water status in response to the environment (Pôças 
et al., 2020). However, Ψpd can only be measured in a short window 
before dawn, which limits its use. In this study, we used a PSYPRO water 
potential system (USA) to collect leaf water potential data from 8 am to 
midday. The detached leaves were quickly sent to the laboratory, and 
the fresh weight (FW) was recorded immediately using an analytical 
balance. After the collection of hyperspectral information, the turgid 
weight (TW) was determined after placing the leaves in deionized water 
for 8–12 h. Finally, the leaves were dried in an oven at 105 ◦C for half an 
hour and then at 80 ◦C until the dry weight (DW) was acquired. The 
RWC and ETW were calculated using the following equation. 

RWC(%) = (FW − DW)/(TW − DW)

EWT = (FW − DW)/LA  

where FW is the leaf fresh weight, TW is the turgid weight and DW is the 
dry leaf weight of all the leaves in the same sample plant, LA is the area 

Table 1 
Field experiment treatment.  

Treatment 
No. 

Irrigation water consumption (m3/ 
hm2) 

fertilizer amount（kg/ 
hm3） 

T1  1395  291 
T2  1845  175 
T3  2295  233  
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of fresh leaf (cm2). 

2.3.3. Determination of photosynthetic pigments 
Chlorophyll measurements were carried out in parallel with chlo

rophyll fluorescence parameter measurements. A SPAD-502Plus metre 
(Konica Minolta Optics, Japan) was chosen as the measurement tool for 
chlorophyll, which proved to correlate well with chlorophyll and is a 
reliable method for nondestructive chlorophyll detection. SPAD values 
were measured for six different parts of each leaf, and the mean was 
calculated as the final measurement. The collected leaf samples were 
wrapped in cling film and quickly delivered to the laboratory where leaf 
area (LA) was accurately determined by square counting. All samples 
were then divided into two groups: one for the determination of leaf 
water status parameters (RWC, EWT) and the other for the determina
tion of photosynthetic pigments, including the leaf nitrogen content 
(LNC) and carotenoid content. LNC was determined by the Kjeldahl 
method. A rectangular shredded sample (3.8 cm long and 3.5 cm wide) 
from different leaf positions was removed from each jar and placed in a 
quartz cuvette for spectrophotometric analysis (Ultrospec 3100 pro UV/ 
vis spectrophotometer, Biochrom Ltd., Cambridge, England) of Chla, 
Chlb and carotenoid concentrations (mg⋅L− 1) derived for each sample by 
means of the following equations. 

Carotenoids (mg⋅L− 1) = 4.92A474 − 0.0255[a] − 0.225[b]. 
Where [a] and [b] are the concentrations of chlorophyll a and 

chlorophyll b, respectively. Chlorophyll a(mg⋅L− 1)= 9.99A665- 
0.0872A642.5, Chlorophyll b(mg⋅L− 1) = 17.7A642.5-3.04A665. A474, 
A642.5 and A665 represent the spectrophotometer absorbance values at 
474, 642.5 and 665 nm, respectively. 

2.4. Leaf hyperspectral information collection 

In this study, we used an imaging hyperspectral system to capture 
leaf spectral information. The whole process needs to be carried out in a 
relatively short period of time with the aim of preventing inactivation of 
detached leaves. 

The indoor hyperspectral system consists of a hyperspectral camera 
(Pika L, Resonon, Bozeman, USA), halogen lamp, guide, motor and 
stand. The hyperspectral camera has a range of 400–1000 nm and is 
divided into 281 channels with a spectral resolution of 3.7 nm at a 
distance of 70 cm from the leaf sample. A halogen lamp is used as the 
measurement light source, which is preheated for more than 30 min 
before measurement to give a stable light source. The computer controls 
the speed of movement of the motor via SpectrononPro software 
(Resonon, USA), scans the blades and stores the images on the computer 
controller. The images were calibrated using a white board prior to 
acquisition. The acquired images were transformed to obtain the raw 

reflectance of the leaves. The Savitzky–Golay filter was used to smooth 
the spectral curve with a filter window of 7. The average spectrum of the 
freshly sampled leaves was obtained by creating an RoI. 

2.5. Data analysis process 

2.5.1. LRC model for ETR 
The LRC process (Fig. 2) for ETR can be fitted by an exponential 

curve model incorporating PAR and ETRmax (Mariann and Proctor, 
2004; Proctor and Bates, 2018). The LRC model was calculated using the 
following equation. 

ETR = ETRmax(1 − e− kPAR)

Where ETR characterizes the electron transfer rate in PSII, ETRmax is the 
relatively stable maximum value of ETR, k is the rate constant, and kα is 
the initial slope, which is usually calculated from the rate of change of 
ETR at PAR< 200 µmol m− 2 s− 1. 

2.5.2. Correlation analysis of photosynthetic pigments, water status 
parameters and photosynthetic performance 

The influence of physicochemical parameters on photosynthetic 
performance is often present in an interactive manner, and this rela
tionship is expressed as a physiological response. A direct description of 
the physiological reactions is the complex chemical reactions that exist 
between photosynthetic pigments and water status parameters. There
fore, there may not be a particular physicochemical parameter that 
significantly affects photosynthetic activity. Analysis of variance 
(ANOVA) can be used to measure the degree of significance between two 
factors, which can facilitate the identification of the key factors affecting 
the results and can also be used to evaluate insensitive factors. There
fore, ANOVA was used to further clarify the nonsignificant relationships 
between photosynthetic performance parameters and photosynthetic 
pigments (SPAD, LNC, carotenoids) and water status parameters (RWC, 
EWT, WP). 

2.5.3. Vegetation indices 
The photosynthetic pigments have a good response in the visible and 

NIR bands (400–760 nm), and the leaf water status parameters (RWC, 

Fig. 2. LRC model fitting process for ETR.  

Table 2 
Vegetation indices selected for this study.  

Vegetation index Formula Parameters Reference 

Red edge 
chlorophyll index 
(CIred-edge) 

(R800/R720) − 1 SPAD (Gitelson, 
2005) 

Ratio index (RI700/ 

670) 
R700/R670 SPAD (Zarco-Tejada 

et al., 2013a) 
Modified 

chlorophyll 
absorption ratio 
index (MCARI) 

[R700 − R670 −

0.2(R700 − R500)]

LNC (Zhao et al., 
2018) 

Photochemical 
reflectance index 
(PRI) 

(R570 − R531)/(R570 +

R531)

Anthocyanins (Zarco-Tejada 
et al., 2013b) 

Ratio VI (RI515/570) R515/R570 Carotenoids 
Normalized 

photochemical 
reflectance index 
(PRInorm) 

PRI/[RDVI ∗ (
R700

R670
)]

Ψ leaf (Zarco-Tejada 
et al., 2013a) 

Renormalized 
difference 
vegetation index 
(RDVI) 

(R800 − R670)/

(R800 + R670)
0.5 

Water index (WI) R900/R970 RWC (Penuelas 
et al., 1997) 

Simple ratio water 
index (SRWI1070) 

R1070/R1340 EWT (Yi et al., 2014) 

Simple ratio water 
index (SRWI1640) 

R1640/R1060 EWT  
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EWT) show insensitivity in the visible and NIR bands (400–900 nm) but 
good sensitivity in the mid- and far-infra-red bands. Photosynthetic 
pigments and water status parameters can be quantified by constructing 
vegetation indices. Table 2 shows the vegetation indices screened from 
existing studies. 

2.5.4. PROSPECT model 
The radiative transfer model (RTM) is based on radiative transfer 

theory and describes the rules of light radiation in the atmosphere and 
particle output in the medium. RTM can simulate vegetation bidirec
tional reflectance and canopy spectra, from which vegetation physio
logical and biochemical parameters can be retrieved (Cheng et al., 2006; 
Duan et al., 2014; Jay et al., 2017). The PROSPECT model is one of the 
most widely used RTMs and is derived from the flat plate model pro
posed by Allen et al. (1969) to simulate the directional-hemispherical 
reflectance and transmittance in the 400–2500 nm range. The PROS
PECT model input parameters include two main categories: leaf struc
tural parameters (N) and the leaf biochemical content (Govaerts et al., 
1996). In the visible range, chlorophyll is considered the predominant 
photosynthetic pigment that absorbs light energy, (Feret et al., 2011) 
separating the contribution of chlorophyll and carotenoids to visible 
light and developing a version of PROSPECT-5. PROSPECT-D adds an
thocyanins to PROSPECT-5, resulting in better retention of photosyn
thetic pigments and reduced uncertainty in model predictions (Féret 

et al., 2017). In this study, the 400–2500 nm spectral reflectance of 
leaves was simulated using PROSPECT-D with the model input param
eters shown in Table 3. The reflectance at 1060, 1070, 1340 and 
1640 nm was obtained by PROSPECT-D simulation to calculate 
SRWI1070 and SRWI1640. 

2.5.5. Create a look-up table (LUT) database 
To verify the theoretical calculations, a LUT was constructed con

taining the full range of variation, with a total of 100,000 samples. The 
LUT consists of 5 datasets (datasets 1–5), each containing 20,000 sets of 
samples, which represent the growing stages from grape fruiting to 
harvesting. Each dataset is based on the range of variation of the 
measured samples (see Table 4), and all obey a uniform distribution 
function, with the aim of making the LUT more realistic. Considering the 
effect of the structural parameters (N) on the simulated reflectance, the 
reflectance obtained from the simulation is pre-screened by the LUT 
method using the Pika L measured reflectance (400–1000 nm), which is 
based on a previous study of the sensitivity analysis of the input pa
rameters of the PROSPECT-D model. Forty randomly selected parameter 
combinations from the database were tested on the SRWI1070 and 
SRWI1640 obtained from the PROSPECT model simulation, and the 
theoretical test results are shown in Fig. 3. 

Table 3 
PROSPECT-D input parameters.  

Parameters Unit Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 

Growth stages —— Fruiting stage Turning stage Mature stage Harvest stage After harvesting stage 
Leaf structural parameter N —— 1.6–1.8 1.6–1.8 1.6–1.8 1.6–1.8 1.6–1.8 
Chlorophyll a & b content Cab ug/cm2 31.9–47.5 33.4–47.9 34.1–47.9 35.4–49 31.8–45.2 
Carotene content Ccar ug/cm2 0.0019–0.0028 0.0022–0.0032 0.0025–0.0035 0.0028–0.0033 0.0011–0.0016 
Anthocyanin content Cant ug/cm2 1–3 1–3 1–3 1–3 1–3 
Brown pigment content Cb ug/cm2 0 0 0 0 0 
Leaf water thickness Cw g/cm2 0.0089–0.0147 0.0094–0.0152 0.0113–0.0149 0.0112–0.0149 0.0012–0.0144 
Leaf dry matter content Cm g/cm2 0.003–0.008 0.004–0.008 0.007–0.009 0.005–0.009 0.0063–0.0082  

Table 4 
Create LUT database.  

Parameters Unit Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 

Growth stages —— Fruiting stage Turning stage Mature stage Harvest stage After harvesting stage 
Fv/Fm —— 0.738–0.821 0.713–0.832 0.671–0.817 0.627–0.825 0.232–0.824 
ETRmax —— 80.49–91.03 51.33–94.95 57.42–98.15 42.06–98.15 25.37–92.57 
kα —— 0.187–0.214 0.147–0.224 0.133–0.232 0.097–0.232 0.060–0.218 
RWC % 67.4 – 86.9 68.2–85.6 85.9–93.2 85.1–93.2 91.6–94.6 
WP —— -3.88- − 1.21 -3.49 − 0.97 -2.24 - − 0.84 -2.49—0.84 -4.37- − 2.23 
LA cm2 61.4–176.5 62.7–174.1 80.3–172 75–195.3 83.2–187 
LNC mg/g 0.61–0.87 0.63–0.89 0.58–0.86 0.64–0.96 0.80–0.93  

Fig. 3. Theoretical test results for SRWI1070 and SRWI1640.  
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2.5.6. BNN model 
A neural network (NN) consists of a large number of nodes (or 

neurons) interconnected with each other, with each node representing a 
specific activation function. The hidden layer addresses complex 
nonlinear problems by associating input variables with response vari
ables through weights (Liakos et al., 2018). A neural network can be 
obtained with unique weights; therefore, a neural network is also a 
conditional probability model (P(y|x,w|); where x is the input variable, y 
is the response variable and w is the weight, and the relationship be
tween the input and response variables is obtained by maximum like
lihood estimation (MLE). The prior probability of w is not assumed in 
MLE, so there is an equal chance that w will take any value. By applying 
Bayesian theory to the NN (BNN), the posterior distribution of estimated 
weights P(w|D|) = P(D|w|)P(w)/P(D), so that the weights of the BNN are 
no longer a constant value but a probability distribution. BNN predicts 
the posterior distribution of weights, thus preventing overfitting and 
improving model generalisation (Ma et al., 2021). 

We designed a BNN model with two hidden layers to predict Fv/Fm, 
ETRmax, and kα (Fig. 3) using the vegetation index, which characterises 
leaf photosynthetic pigment and water status parameters as model input 
parameters. A recurrent structure (varying from 1 to 100) was used to 
determine the number of hidden layer neurons, and the optimal BNN 
model was determined by R2. The BNN model with two hidden layer 
neurons of 19 and 15 had the best performance for Fv/Fm, while ETRmax 
and kα had the best prediction with fewer hidden layer neurons (4 and 2 

for the two hidden layer neurons, respectively). We chose ReLU as the 
activation function, and the training iterations were set to 1200 epochs. 
The BNN model performance was assessed through a real sample, which 
was an independent dataset (n = 50). The R2 and RMSE were calculated 
to assess the stability of the model. 

To further assess the multiple colinearity problem between the input 
variables of the BNN model, we compared two other methods: (1) Partial 
least squares (PLS) which can avoid the multiple colinearity problem of 
the input variables and assess the variable importance in projection 
(VIP) and (2) PRI which involves photosynthetic system reactions, 
including the photosynthetic rate and light use efficiency (Sims et al., 
2006; Suárez et al., 2010). Therefore, PRI can be a good indicator of 
photosynthetic performance. The PLS and PRI models were built using 
the same training dataset as the BNN model (Fig. 4), which ensures 
fairness of comparison. 

3. Results 

3.1. Time series variation of Fv/Fm, ETRmax and kα 

Fv/Fm, ETRmax and kα showed some variability across years (Fig. 5). 
The Fv/Fm values were higher in 2021 than in 2020, and the same 
occurred for ETRmax and kα. Fv/Fm, ETRmax and kα showed a significant 
downward trend as the growing period progressed, whereas this pattern 
was not evident in 2021. 

Fig. 4. Structure of the BNN model.  

Fig. 5. Time series variation of Fv/Fm, ETRmax and kα.  

Z. Yang et al.                                                                                                                                                                                                                                    



European Journal of Agronomy 140 (2022) 126589

7

3.2. Relationships between Fv/Fm, ETRmax, and kα distribution and yield 
and quality 

Fv/Fm, ETRmax and kα had a larger range of distribution in 2020 than 
in 2021 (Fig. 6), a difference that ruled out measurement timing reasons. 
The larger range of data distribution resulted in lower yields and rela
tively poorer quality (Fig. 7) but saved more irrigation water. The 
variation in irrigation water was closely related to rainfall and 

temperature during the growing season (Fig. 1), and these factors can 
significantly change the distribution range of Fv/Fm, ETRmax, and kα. 
Good field management can ensure the relative stability of the distri
bution range as a way to obtain better benefits. 

3.3. Relationships between Fv/Fm, ETRmax, kα and photosynthetic 
pigments and water status parameters 

To demonstrate the validity of the selected vegetation indices, 
ANOVA was used to evaluate the leaf water status and photosynthetic 
pigment parameters in relation to Fv/Fm, ETRmax, and kα (Fig. 8). The 
results showed that there were statistically significant differences be
tween carotenoids and Fv/Fm in addition to the leaf water potential and 
kα (P < 0.05). No statistically significant differences existed between the 
remaining factors, suggesting that there may be an interaction between 
the intrinsic factors affecting photosynthetic performance. Photosyn
thetic performance is the result of these factors acting together, within 
which complex chemical reactions occur. Therefore, the selection of 
vegetation indices based on these factors is valid, and machine learning 
methods can further simplify the description of complex chemical 
reactions. 

3.4. Relationship between vegetation index and photosynthetic pigments 
and water status parameters 

The vegetation indices selected had a good relationship with the 
parameters (as shown in Fig. 9) The CIred-edge had the highest R2 with 
SPAD, indicating that the relationship between CIred-edge and SPAD is 
well adapted and is a reliable method for nondestructive measurement 
of SPAD. The water status parameter RWC had the lowest R2 compared 

Fig. 6. Distribution curves for Fv/Fm, ETRmax and kα.  

Fig. 7. Histogram of grape yield, quality and irrigation.  

Fig. 8. ANOVA statistics of leaf water status and photosynthetic pigment parameters with Fv/Fm, ETRmax, and kα. (a) is the P value in ANOVA associated with 
Fischer’s test, P < 0.05 indicated that the difference was statistically significant. (b) is the F value of the F-test statistic, the larger the F, the more significant the effect 
between groups. 
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to photosynthetic pigments, which also shows the uncertainty of the 
vegetation index in predicting RWC. SR1640 and SR1070 obtained by 
inversion of the PROSPECT model had a good relationship with EWT 
(Fig. 2). 

3.5. BNN model prediction performance 

The BNN model was tested for the predictive performance of Fv/Fm, 
ETRmax and kα (Fig. 10), and the results showed good predictive per
formance, especially for Fv/Fm, with an R2 of 0.78. The ETRmax and kα 
models had the same performance in the modelling dataset, which may 
have been influenced by the relationship between ETRmax and kα (Fig. 10 
(b-c)). However, the BNN model outperformed kα for ETRmax, a com
parison based on the same number of neurons in the hidden layer and 
adapted to a BNN model with fewer neurons, where a smaller number of 
neurons saved the time cost of convergence of the model compared to 

Fv/Fm (Fig. 10(a)), thus reducing the training complexity of the model 
itself. In deeper analysis, the BNN model was able to accurately simulate 
the nonlinear interaction between leaf biochemical parameters and 
photosynthetic activity, a process similar to the light-driven crop growth 
model, but greatly simplified the prediction of the photosynthetic ca
pacity, which is essential for timely knowledge of crop yield and quality. 

3.6. PLS and PRI model prediction performance 

Compared to the BNN model, the PLS model (Fig. 11) and the PRI 
model (Fig. 12) had relatively weaker predictive performance for Fv/ 
Fm, ETRmax and kα, which reflects the strengths of machine learning. 
Overall, all three models showed relatively poor reliability in predicting 
ETRmax, although in this study, despite the controlled actinic light in
tensity, the prediction of leaf photosynthetic performance under light 
conditions was unstable. The BNN model was able to improve this 

Fig. 9. Relationship between vegetation index and photosynthetic pigments, water status parameters.  

Fig. 10. Scatterplot of BNN model prediction performance.  
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significantly, increasing the predicted R2 of ETRmax from 0.16 to 0.57. 
The superior predictive ability of the PLS model over the PRI model 
suggests that a single vegetation index is a limited predictor of leaf 
photosynthetic performance, and although the PRI has been shown to 
track photosynthetic system changes, it may still be limited by the ef
fects of leaf water status and other photosynthetic pigments. The PRI 
model satisfactorily predicted Fv/Fm with an R2 of 0.52, which was 
significantly better than that of ETRmax and kα. This was also the case for 
the BNN and PLS models, indicating that monitoring the potential 
photosynthetic performance of leaves under dark adaptation is 

advantageous and relatively stable. 

3.7. BNN model input feature importance analysis 

We tested the importance of the BNN model input features using the 
Leave-One-Covariate-Out (LOCO) method. LOCO analysis evaluates the 
importance of a feature by comparing it to the original model through 
the change in prediction error after removing an input feature from the 
model (Lei et al., 2018; Molnar, 2020). In this case, if the removed 
feature plays an important role in the model, it will increase the 

Fig. 11. Scatterplot of PLS model predicted performance.  

Fig. 12. Scatterplot of PRI model predicted performance.  

Fig. 13. Importance of input features for BNN model.  
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prediction error of the model, thus indicating the importance of the 
feature. This has become an effective method for filtering features for 
machine learning models (Ma et al., 2021). 

Fig. 13 shows the input feature importance (FI) of the BNN model 
calculated by the LOCO method. The results show that the selected 
vegetation indices had similar FIs, especially for the ETRmax model, 
indicating the validity of the selected vegetation indices in predicting 
leaf photosynthetic performance. In the Fv/Fm model, RI700/670 
emerged as the most important feature, with SR1640 second only to 
RI700/670, indicating that the chlorophyll content and water status pa
rameters were the two most important features. All selected vegetation 
indices showed almost equal importance in the ETRmax model, sug
gesting that ETRmax under light adaptation may be influenced by a va
riety of factors and that these intrinsic factors (water, photosynthetic 
pigments) are equally important. The kα prediction model had relatively 
large differences in FI values for each vegetation index, with CI, MCARI, 
RI515/700 and PRI570 being the most dominant factors. This indicates that 
at weaker PAR, the factors that induce changes in ETR in the BNN model 
simulating the chemical reactions occurring in the photosynthetic sys
tem are dominated by photosynthetic pigments and that water status 
parameters are not the dominant factors in the early stages of ETR. 

4. Discussion 

4.1. Spectral mechanisms and interannual performance of the BNN model 

The physiological mechanisms regarding the BNN model were first 

established in the biochemical reactions of selected photosynthetic 
pigments and water status parameters with Fv/Fm, ETRmax and kα. 
ANOVA showed some differences in the contribution of photosynthetic 
pigments and water status parameters to the different photosynthetic 
reaction stages (Fig. 7). For the light saturation stage (ETRmax), 
photosynthetic pigment and water status parameters showed a strong 
interaction (no significance factor), which could be due to photo
inhibition produced by stronger light intensity (Kalaji et al., 2017b). The 
second is whether photosynthetic pigment and water status parameters 
can be accurately quantified by spectral information. In the past studies, 
photosynthetic pigments and water status parameters are highly inter
pretable with spectral information. For example, (Croft et al., 2017) 
addressed that leaf chlorophyll content could measure leaf photosyn
thetic capacity. (Dechant et al., 2017) demonstrated that the relation
ship between leaf spectral information and nitrogen response could 
provide a mechanistic explanation for the spectral estimation of 
photosynthetic characteristic parameters (Vcmax, Jmax). Although the 
spectral responses of photosynthetic pigments and water status param
eters provide strong mechanistic explanations for the spectral estimates 
of Fv/Fm, ETRmax and kα. However, the black-box process of machine 
learning methods still weakens the mechanistic interpretation of the 
simulation process. We still see many scholars providing explanations 
for this spectral-based machine learning simulation process. For 
example, Fu et al. (2020) simulated the spectral reflectance by PRO
COSINE model to illustrate the spectral mechanism of photosynthetic 
pigments and water status parameters on Vcmax, Jmax. In this paper, we 
directly explain the spectral response mechanism of BNN model in 

Fig. 14. Interannual performance of the BNN model.  

Fig. 15. Scatter plot of VIP scores for PLS model input variables.  
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estimating Fv/Fm, ETRmax and kα by Leave-One-Covariate-Out 
method. LOCO and ANOVA produced similar results, especially for 
ETRmax, and the FI value of LOCO also showed a strong interaction. 
However, at the same time, we see that different machine learning 
methods interpret the mechanism differently, which is limited by the 
algorithmic process of the model itself. 

The performance of the BNN model validation dataset was evaluated 
across years (Fig. 14). We clearly see the impact of the distribution of the 
collected samples on the data-driven machine learning-based approach. 
For this purpose, we collected field samples from two years of different 
growing seasons. The severe drought suffered in 2021 caused large 
differences in the distribution of samples between years (Fig. 6). When 
the data were distributed over a larger range (Fig. 13(a), 2020), the 
model had superior robustness. This suggests that we need longer time 
series of field observations to obtain the best machine learning models, 
and in addition, interannual climate change presents new challenges for 
this purpose. 

4.2. Importance evaluation of PLS model input variables 

Calculating the variable importance in projection (VIP) of the input 
variables to the PLS model allows for an effective assessment of the 
multiple colinearity problem between variables (Zovko et al., 2019).  
Fig. 15 shows the VIP distribution for each input variable of the PLS 
model. For the Fv/Fm model (Fig. 15(a)), all input variables had VIP 
scores greater than 0.5, and the difference in VIP scores between vari
ables was small (0.5–1.6), with PRI570 and PRInorm being the variables 
with VIP scores higher than 1. However, this was different for the 
ETRmax and kα models, where the variables with VIP scores greater than 

1 included SR in addition to PRI570 and PRInorm, indicating that leaf 
photosynthetic performance was influenced by the interaction of the 
water status and photosynthetic pigments. Both PRI570 and PRInorm had 
relatively high VIP scores in the Fv/Fm, ETRmax and kα models, indi
cating that lutein cycle pigment changes are a major factor in assessing 
the potential and actual quantum yield of PSII. Both PRI570 and PRInorm 
had relatively high VIP scores in the Fv/Fm, ETRmax and kα models, 
indicating that changes in the de-epoxidation state of the xanthophyll 
cycle pigments are a major factor in assessing the potential and actual 
quantum yield of PSII. This was followed by RI515/570 and SR1640, 
indicating the importance of water status parameters and photosyn
thetic pigments. However, SR1070 did not score as well as SR1640 in terms 
of VIP, although both had similar results to EWT on the theoretical test 
(Fig. 2), suggesting that the vegetation indices chosen differed in the 
practical evaluation of photosynthetic performance. 

4.3. Time-series effects of the PRI 

To further evaluate whether the PRI model was affected by temporal 
variation, we compared the stability of the PRI model predictions at 
different growth stages between years. The relationship between PRI 
and Fv/Fm showed a decreasing trend with increasing growing season 
(Fig. 16), but the slope of this decreasing trend varied between years, 
which may have caused the prediction accuracy of the PRI model for Fv/ 
Fm to be influenced by temperature, rainfall (Fig. 1) and field man
agement. In addition, the seasonal variation in PRI response to the 
environment makes predictions at short time scales promising (Magney 
et al., 2016), thus potentially increasing instability when using the full 
range of data over the growing period for PRI predictions. It has been 

Fig. 16. Relationship between PRI models and Fv/Fm at different time scales.  
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Fig. 17. Performance of the PRI model on different time scales. (a) is PRI-ETRmax, (b) is PRI-kα.  
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shown that PRI is significantly correlated with Fv/Fm at noon (Winkel 
et al., 2002); however, it is difficult to avoid the effects of daily scale 
time differences in a single measurement. Overall, the PRI model had 
relatively good predictions of Fv/Fm during late growth, mainly because 
leaf growth conditions during this period vary considerably vertically 
across the canopy, with leaves at the bottom of the canopy typically 
senescing more significantly than those at the top. This difference 
allowed for more variation in Fv/Fm values at the time of sample 
collection, and the wider sample range allowed for much better pre
diction accuracy. 

We analysed the relationship between the PRI model and ETRmax and 
kα at different growth stages between years (Fig. 14(a-b)). The PRI 
model showed a more consistent pattern with ETRmax and kα over the 
full sample (2020–2021), but there were differences between years, 
suggesting that ETRmax may not simply be influenced by the initial slope 
of ETR but also by light use efficiency (LUE) (Barton and North, 2001). 
In the time series, the PRI-ETRmax and PRI-kα models had better per
formance in July and October. In addition, dynamic changes in leaf 
biochemistry lead to problems with overlapping absorption coefficients 
of photosynthetic pigments (Ustin et al., 2009). Additionally, the 
mechanisms of photochemical quenching (NPQ) from PAR uptake by 
leaves differ; thus, the PRI is not well adapted to seasonal changes 
(Woodgate et al., 2019). The dynamics of the PRI-photosynthetic 
pigment relationship make it necessary to calibrate the predictions for 
ETR over long time series (Rahimzadeh-Bajgiran et al., 2012). The 
regression trend between PRI and ETRmax was similar to that of kα 
during the growing season in 2021, but in 2020, this relationship pro
duced a larger difference, with lower yields and quality (Fig. 7). It is 
worth noting that long-term experimental observations are needed to 
determine whether the consistency of PRI with ETRmax and kα can be 
used as a valid evaluation of yield and quality. More data from different 
years, growth conditions and field management can be obtained to 
support the PRI model to evaluate the relationship between photosyn
thesis, yield and quality. Fig. 17. 

5. Conclusions 

In this study, we observed the physicochemical parameters, yield and 
quality of grapes between different years, recorded the hyperspectral 
information of leaves, and finally developed a model for the evaluation 
of leaf photosynthetic performance based on hyperspectral techniques. 
The results showed that the leaf photosynthetic performance parameters 
Fv/Fm, ETRmax and kα were strongly correlated with yield and quality. 
Those vegetative indices characterising leaf water status and photo
synthetic pigments can be used by machine learning methods to describe 
the complex chemical reactions taking place within the photosynthetic 
system, which can greatly simplify physical models driven by light en
ergy and make it possible to rapidly evaluate leaf photosynthetic per
formance parameters. In terms of model prediction, compared with the 
PLS and PRI models, BNN significantly improved the prediction accu
racy of the leaf photosynthetic performance parameters Fv/Fm, ETRmax 
and kα and had a fast convergence rate. Vegetation indices character
ising photosynthetic pigments had the highest importance in the BNN 
model input features. In addition, the importance evaluation of the PLS 
model input variables showed that the highest VIP scores were for PRI570 
and PRInorm, followed by SR1640. The results of the study may provide 
technical support for the determination of leaf photosynthetic perfor
mance by means of near-earth spectroscopy. 
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